Probabilistic deterioration models such as state-based and time-based models are only capable of predicting future bridge condition ratings when a sufficient amount of condition data and reasonable data distribution are available. However, such are usually difficult to acquire from limited bridge inspection records. As a result, these probabilistic models cannot guarantee reliable long-term prediction for each of the bridge elements concerned. To minimise this shortcoming, this paper proposes an advanced integrated method to construct workable transition probabilities for predicting long-term bridge performance. A selection process within this method automatically chooses a suitable prediction procedure for a given situation in terms of available inspection data.
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The time-based models employ a probability density function of time, referring to the state duration time required for each bridge element to deteriorate from an initial condition state to its next lower state. Time-based models are also called duration models; they were developed to estimate infrastructure deterioration. For example, DeStefano and Grivas (1998) presented a timebased deterioration model for bridge decks in which the Kaplan and Meier (K-M) method was used to estimate the non-parametric distribution functions of the duration time. Prozzi and Madanat (2000) applied parametric models to estimate time-to-failure in the pavement deterioration process. Mauch and Madanat (2001) used semi-parametric hazard rate modelling to develop duration models for a bridge deck. A common critical shortcoming exists in time-based models in that they require frequent inspection of condition ratings over a long observation period within the bridge service life.
In view of the above, the decision on the appropriateness of a given modelling type for deterioration prediction is largely dependent on the nature of the available condition data (Mauch and Madanat 2001) . In other words, the stand-alone model such as the state-based or time-based model cannot guarantee workable long-term prediction outcomes for various situations in terms of available condition data.
In order to minimise the above-mentioned shortcomings, this paper presents an advanced integrated Markov-based method incorporating both state-based and time-based models, which is more effective as compared to the stand-alone model (i.e. state-based or time-based model). This is because a selection process is embedded in the integrated method to automatically select a suitable prediction approach (either state-based or time-based) for a given situation of available condition M a n u s c r i p t
data. This is however not an option for the stand-alone model. The state-based model used in this study incorporates the expected-value method which has been proven in the published literature as the most common method in state-of-the-art BMSs in estimating the transition probability (Madanat et al. 1995b ). On the other hand, for the time-based model, the K-M method is applied to estimate the non-parametric probability distribution function of transition time. This is because the explanatory variables are not available in routine bridge inspections for a BMS (DeStefano and Grivas 1998).
In the present study, a previously published Backward Prediction Model (BPM) will also be used to generate the missing historical data for insufficient data scenarios (Lee et al. 2008) . To verify the performance of the proposed integrated method, four different types of available condition data distributions are cross-validated within the given sample bridge condition data. A detailed validation procedure and results are presented in the section on "Results and discussion" hereunder.
The advantages of the integrated method in minimising the shortcomings associated with insufficient data and unrealistic data distribution are discussed in some detail.
affects the serviceability of the bridge; CS4 shows advancing deterioration and affects overall performance and structural integrity which requires immediate intervention (Queensland
Department of Main Road 2004).
The categorisation of bridge inspection records is carried out according to the classification of structural deterioration obtained from the Queensland Department of Transport and Main Roads (QTMR), Australia. This research only deals with classifications in relation to bridge location, element type and material type. The bridge location is classified based on traffic volume; the element type refers to the component type such as deck unit, girder/beam and slab; the material type includes concrete (cast-in-situ and pre-cast), steel, timber and others. Note that construction era is also considered as one categorisation. This is to encompass the fact that the quality of construction materials and construction processes have continuously improved over the past several decades. In order to obtain more reliable prediction outcomes, the construction era classification is considered herein and is grouped in a period of 20 years: group 1 (2001-the current year), group 2 (1981-2000), group 3 (1961-1980) , and group 4 (prior to 1960). After categorising the available inspection records, the following method is used to calculate the OCRs. Or, 
where q 1 , q 2 , q 3 and q 4 are element quantities in Condition States (CSs) 1, 2, 3 and 4, respectively, and w 1 , w 2 , w 3 and w 4 are weighting factors for each condition state (Thompson and Shepard 2000) .
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Model selection process
The decision-making in regard to which model is more appropriate for deterioration prediction is highly dependent on the nature of the available condition data (Mauch and Madanat 2001) . A timebased model in the selection process is considered as a priority because it considers the time spent in an initial condition state (a non-stationary process), which has found to be more realistic according to a number of published outcomes (Madanat et al. 1995b; Ravirala and Grivas 1995;  DeStefano and Grivas 1998). However, in the case where a "no-condition-change" event is identified, i.e. less than two sequential changes in condition states in the available condition data, the state-based model is applied as an alternative. Moreover, the Backward Prediction Model (BPM), as detailed in the section hereunder on "The BPM process", can be used to generate missing condition rating data when the historical condition data is insufficient to calculate reliable transition probabilities. The BPM-generated missing condition data together with the available data can enhance the quality of historical condition depreciation patterns, which in turn satisfies the requirements for running the selected model.
As detailed in Figure 1 , the selection process primarily checks whether or not the given type of element condition data from a network bridge satisfies the requirements of at least two sequential changes in condition states. If the requirements are satisfied, the given condition data can be used directly by the time-based model. If not, the first step is to check whether the given data meets the requirements of using the BPM or otherwise. To execute the BPM, the given inspection data have to satisfy the following two constraints: (1) bridge elements in the given dataset have to be less than M a n u s c r i p t
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20 years old and without MR&R; (2) the given data for each bridge element should have at least two inspection records not in CS1. After applying the BPM, the BPM-generated condition ratings in conjunction with the available data can satisfy the requirements of running the time-based model. If the given data fails the conditions of applying the BPM, then the state-based model is used. The criteria for running the state-based model are: (1) it requires at least 2 sets of inspection records for each type of element; (2) the deterioration pattern in the form of best fit curve is generated using a 3 rd -order polynomial regression method. The gradient of such a curve represents the change in condition ratings. A positive gradient implies an increased condition rating which is unrealistic when no MR&R work is performed. If the gradient is negative, then the state-based model is able to estimate the transition probabilities, and in turn predict long-term bridge element performance. If the curve gradient is positive, the first trial is to apply the BPM, because the BPM-generated missing historical condition ratings can enhance the trend of condition depreciation. If the gradient is still positive after the first trial of the BPM, then other types of regression functions, such as exponential, linear and logarithmic should be used to generate the average OCRs for the available inspection data as the last option. Finally, the state-based model is able to estimate the transition probabilities using the average OCRs obtained from the other types of regression functions, and thereby making it capable of predicting long-term bridge element performance.
The BPM process
The model selection process may require the BPM to generate missing historical condition ratings when inspection records are insufficient. The BPM-generated historical data in conjunction with the M a n u s c r i p t
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available inspection data can increase the number of sequential changes in condition states thereby leading to a more meaningful bridge depreciation pattern. The BPM process is depicted in Figure 3 ( Lee et al. 2008 ).
The BPM consists of two stages in generating the missing historical condition ratings. In Stage 1, an ANN technique is used to establish a correlation between the existing condition rating datasets (year t p -t pn ) and the corresponding years' non-bridge factors. The non-bridge factors, including climate and environmental condition changes, traffic volume increases and population growth, directly and indirectly influence the variation of the bridge conditions and thus the deterioration rate.
The correlations established are then applied to generate the historical trends for year t 0 to t p using the non-bridge factors from the same time period. The missing historical condition ratings for years t 1 -t p-1 can then be generated. Each year of the BPM-generated condition ratings include 66 data outputs resulting from the combined number of learning rates (lr: 0.0-0.5 at 0.1 increment) and momentum coefficients (mc: 0.0-1.0 at 0.1 increment) in the neural network configurations. The number 66 also corresponds to the total quantity of a given bridge element. In Stage 2, a forward comparison is conducted to validate the BPM results. A forward prediction is produced for years t pt pn using the BPM outcomes (years t 1 -t p-1 ). The results of the forward predictions are then compared with the actual BMS condition ratings (for years t p -t pn ). Upon satisfactory validation, the generated condition rating records are ready for use in a deterioration model (Lee et al. 2008) . It should be noted that the BPM is only applicable when the following conditions are satisfied: (1) the Maintenance, Repair and Rehabilitation (MR&R) activity is performed at a known time; (2) no M a n u s c r i p t
MR&R is conducted since the construction year; and (3) the condition rating at the year of construction is known. The reliability of the BPM has been proven in an earlier study (Lee et al. 2008 ).
Methodology of state-based model
The process of the state-based model as illustrated in Figure 1 is detailed herein. The Markov chain model, as a typical state-based model, is used in the proposed integrated deterioration method. A Markov chain is a special case of the Markov process. Its development can be considered as a series of transitions between certain condition states. When the probability of a future state in the process depends only on the present state but not the past states, the Markov chain becomes a stochastic process and is referred to as a first-order Markov process (Morcous 2006a) . The property of the Markov chain can be expressed for a discrete parameter stochastic process (ξ t ) with a discrete state space as
Here the symbol | means "the given condition", P means the probability, and x 0 , x 1 , x 2 , ……, x t , and x t+1 , are states of ξ 0 , ξ 1 , ξ 2 , ……, ξ t , and ξ t+1 . The probability P is also referred to as the one-step transition probability. This is the conditional probability of the element being in state x t+1 at t+1
given that it was in state x t at t (Devaraj 2009 ).
The Markov chain model forecasts the bridge condition ratings based on the concept of defining the states of bridge condition transitions from one to another during one transition period (Jiang M a n u s c r i p t
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1990). Without repair or rehabilitation, the bridge condition rating should decrease with time.
Therefore, there is a probability of condition rating transition from one CSi, to another CSj, during a one unit year period, which is denoted by p i,j . According to the Markov chain method, the CS vector for any time t, Q(t), can be obtained by multiplication of the initial CS vector Q(0) with the transition probability matrix P to the power of t (Jiang and Sinha 1989) . Or
The transition probability matrix P is defined as
where
represents the probability of bridge elements remaining at CS1, and q(1) denotes the probability of bridge elements transferred to the next lower CS2, and so on. It should be noted that the lowest condition rating before a bridge is repaired is 20% (CS4). Hence, the corresponding probability p (4) is assumed to be 1. Let R be a vector of condition ratings, or R = [100, 70, 50, 20] , and R T be the transpose of R, then the estimated OCRs at age t, E(t) by the Markov chain method (Jiang and Sinha 1989 ) is,
Since the deterioration rate of a bridge condition is dissimilar at different bridge ages, the transition process of bridge conditions is not homogeneous with respect to the bridge age (Jiang 1990 ). In order to meet the homogeneity requirements of the Markov chain model, a zoning technique is used to obtain the transition matrix. This approach was used previously for the development of pavement performance curves (Butt et al. 1987) . With the zoning technique, the bridge age is divided into groups and within each age group the Markov chain model is assumed to be homogeneous. A sixyear group for bridge age is found appropriate for the available bridge inspection database and for solving equations of unknown probabilities (Jiang 1990) . A new bridge element (age 0) is given a condition rating of 100%. Thus, the initial state vector Q(0) for a new element is [1, 0, 0, 0], where the 4-vector coefficients are the probabilities of having a condition rating of 100%, 70%, 50%, and 20%, respectively, at age 0. Equations (3) and (5) can be used for Age Group 1 (i.e., 1-6 yrs) using the initial state vector Q(0). The initial state vector for Age Group 2, Q(7) is taken in the same form as the last CS vector of Age Group 1, Q(6). Following this procedure for all age groups, the condition ratings versus age relationship can be obtained for a particular element using the Markov chain method (Agrawal et al. 2010 ).
The transition probability is obtained by minimising the difference between the average OCRs A(t) from the regression function and the estimated OCRs E(t) by the Markov chain method. This is described in Equation (6) in the form of a non-linear programming objective function (Jiang and Sinha 1989) . Or, M a n u s c r i p t
where N = the number of years in one age group; U = the number of unknown probabilities; A(t) = the average of condition ratings at time t, estimated by the regression function.
The accuracy of the transition probability depends on the closeness of the average OCRs and the OCRs predicted by the Markov chain method. The Chi-square goodness of fit test is used to validate the accuracy of the transition probability. The calculation formula for the Chi-square distribution as suggested by Jiang and Sinha (1989) is given as
where χ 2 = a Chi-square distribution with k-1 degrees of freedom, E i = value of the condition rating in year i predicted by the Markov chain method, A i = value of condition rating in year i predicted by the regression, and k = number of prediction years. Upon establishing the transition probability matrices and the initial state vector defined from the inspection records, prediction of the bridge condition ratings can be undertaken using Equations (3) and (5).
Methodology of time-based model
Referring to Figure 1 , the time-based models require sequential changes in condition ratings to define state transition events and the corresponding transition times. These sequential condition ratings include historical, current and future inspection records. They can be denoted as i, j, and k, respectively. The value of sequential condition rating j is transferred to a lower condition state k = j M a n u s c r i p t Generally, inspection activities are performed periodically over an observation period. Therefore the accurate time of a transition event is unknown. In normal practice, the transition event is assumed to occur at the middle of the observation period if it is observed between two consecutive condition states (Morcous et al. 2010) . The time-in-state includes the time spent for censored events and transition events. It can be calculated with the aid of two tables: Table 1 is only used for calculating the time-in-state for TE (1,2) when the construction or MR&R work is performed at a known time, and no MR&R is performed after that time; Table 2 is used for estimating the remaining transition events, i.e. TE (2,3) and TE (3,4).
The time-based model estimates the transition probability from the cumulative probability of the transition event within the transition time. In the present study, the K-M method is employed to estimate the non-parametric reliability function with respect to the cumulative transition probabilities and the corresponding transition times and events (DeStefano and Grivas 1998). The M a n u s c r i p t
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reliability is defined as the probability of a bridge element maintaining its original condition state for a specific time period. The cumulative transition probability can be obtained by simply using one minus the reliability obtained from the K-M method. According to DeStefano and Grivas (1998) , the equations for calculating the reliability of a bridge element and estimating the cumulative transition probability take the form
where ) ( x t R = estimated reliability of a bridge element at time t x (years); r x = reversed rank order of all time values observed within the sample interval; TP(t x ) = cumulative transition probability for all x = 1, 2, 3,….yth sample observations in ascending time order; R 0 = 1 at t = 0.
A parametric distribution function that relates the cumulative transition probabilities and the corresponding transition times is produced by either a linear, logarithmic or exponential regression technique. The criteria used to select the best fit regression curve are the coefficient of determination R 2 . If R 2 is close to 1 it indicates that the regression curve reflects the best relationship with the range of observed data. The parameters obtained from the regression function of transition time are used to calculate the transition probability for the specified transition events.
Finally, the transition probability matrices can be established based on the transition probability.
As shown in Figure 1 under "Time-based model", more than three state transition events, i.e.
TE≥3 are required to compute the transition probabilities. Note that in this study we have TE(1,2), TE(2,3) and TE(3,4). However, when the state transition events are less than 3, i.e. only TE (1,2) or 
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TE (1,2) and TE (2,3), the Markov chain method needs to be employed to generate an individual transition probability matrix. In this process, the condition ratings generated from the time-based model are assumed as the average OCRs, A(t). The estimated OCRs at age t, E(t) can also be calculated using Equation (5). Subsequently, Equation (6) is used to derive the individual transition matrix for each bridge element. The predicted condition ratings using this individual transition matrix follow the dominant deterioration behaviour of the previous prediction from the time-based model. However there are some exceptional cases: (1) the bridge element condition rating decreases abruptly from one condition state to another during a very short time period; (2) only one element inspection record is available for a bridge; (3) available inspection records are all in the same condition state -in other words, there is no condition state change from the inspection records; (4) bridge elements have been rehabilitated by performing MR&R work. In these cases, an average transition probability must be employed to predict long-term performance of these bridge elements.
Benchmark examples
The reliability of deterioration models depends strongly on the quantity and distribution of the available condition data. When the condition data exhibit different characteristics, the stand-alone model has been proven to be difficult in predicting reliable and accurate long-term bridge element performance. The proposed integrated method, on the other hand, has the ability to predict bridge deterioration performance for most situations including insufficient inspection data and poor data distributions meaning that the condition ratings are disordered due to regular maintenance or Necessary information related to element types and names, construction era, total numbers of bridges and inspection records are presented in Table 3 for four different situations. These include:
Situation 1 -suitable for the time-based model only; Situation 2 -suitable for time-based model incorporating BPM-generated missing historical data; Situation 3 -suitable for the state-based model only; Situation 4 -suitable for state-based model incorporating BPM-generated missing historical data. It should be noted that the sample bridge information is randomly selected from a regional network within a larger bridge network. The results presented in this paper do not intend to reflect the official view of the abovementioned bridge authority.
Procedural analysis using time-based deterioration model
The selection process indicates that Situation 1 in Table 3 satisfies the condition of using the timebased model to estimate the transition probability. This is because the selection process identifies that there are 15 available transition events TE (1,2) among the total 25 bridges from a network. On the other hand, Situation 2 in Table 3 is unable to be directly used by the time-based model as it only has one transition event. However, the selection process suggests that the BPM can be used to generate the missing historical condition ratings for bridges #1, #2 and #3. Consequently, the BPMgenerated missing condition ratings together with the available data, provide a total of 4 transition events TE (1,2) to be used in the time-based model to determine the transition probability.
Journal of Performance of Constructed Facilities. Submitted January 17, 2012; accepted November 13, 2012; posted ahead of print November 15, 2012. doi:10.1061/(ASCE) CF.1943-5509.0000421 Copyright 2012 by the American Society of Civil Engineers M a n u s c r i p t
N o t C o p y e d i t e d
The K-M method is used to generate the non-parametric values with regard to the cumulative transition probabilities corresponding to transition times and specific transition events, as outlined in the section on "Methodology of time-based model" hereinabove. A linear regression is used to calculate the uniform distribution function for element types 20C and 59C, as presented in Figures 4 and 5, respectively. The linear regression parameters are then used to generate the transition probability for transition event TE (1,2) for these two element types. Note that the generated transition probabilities can only be used to predict condition ratings from CS1 to CS2. For future and long-term prediction, the Markov chain method has to be used in this case to generate an individual transition probability for each element. Table 4 summarises the predicted OCRs using transition probabilities obtained from the time-based model for bridge element 20C-Bridge #4. The predicted OCRs are considered as the average condition ratings A(t) to be used in Equation (6) to generate the individual transition probability.
Procedural analysis using state-based deterioration model
Situation 3 has 12 bridges with 36 inspection records. The selection process indicates that the timebased model is unable to generate the transition probability. This is because there are no sequential changes in the condition states. Moreover, all the 12 bridges are more than 20 years old. Therefore even the BPM is not helpful in this case. As such, the state-based model as an alternative should be used to generate the transition probability and predict the long-term bridge element performance for this element type. A 3 rd -order polynomial regression function is used to estimate the relationship between the bridge element condition rating and age. Figure 6 shows the best fit regression curve Copyright 2012 by the American Society of Civil Engineers M a n u s c r i p t
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and the associated parameters. It can be seen that the regression performance curve gradually decreases as the bridge age increases. This means that the parameters obtained from the regression equation correctly reflects the average trend of bridge degradation. Therefore, these parameters are able to be used to calculate the average condition rating A(t) at bridge age t, thereby enabling the transition probabilities to be estimated using the state-based model. The last situation, Situation 4, has 4 bridges with 8 inspection records. The selection process indicates that it requires the BPM to generate the missing historical condition records to provide a more meaningful bridge depreciation pattern. Amongst the 4 bridges, the selection process suggests that only one bridge #5 satisfies the condition of using the BPM. Figure 7 shows that the available inspection records in conjunction with the BPM-generated missing historical records can provide a more reasonable bridge element deterioration pattern. Finally, the transition probabilities are estimated using the state-based model.
Results and discussion
Transition probabilities
The purpose of the present study is to develop an integrated method based on Markov-based probabilistic deterioration modelling. Four typical bridge situations with varying condition rating data quantity and distributions are selected as benchmark examples to demonstrate the capability of the integrated method. Detailed results of the four typical situations are presented in this section. The Chi-square distribution is used herein to validate the generated transition probabilities from both the state-based and time-based models. The Chi-square distribution require the condition ratings of predicted E(t) and average A(t). Figure 9 compares the OCRs A(t) obtained from the timebased model and the predicted E(t) from the Markov chain method for bridge elements 20C-Bridge #4 and 59C-Bridge #6. Figure 10 shows the comparisons between the 3 rd -order regression function and the Markov chain method in generating the OCRs A(t) and E(t), respectively, for element types 20C and 4C. All comparisons show that the predicted OCRs E(t) from the Markov chain method are close to the OCRs A(t) obtained from the time-based model and the 3 rd -order polynomial regression functions. Table 6 summarises 
Validation
Once the transition probabilities are confirmed, future prediction can simply be performed using
Equations (3)- (5). A cross-validation method is employed herein to measure the accuracy and reliability of the predicted condition ratings by comparison with the existing condition ratings. In order to validate Situation 3 for the state-based model with the given sample condition rating data, 31 inspection records from 11 bridges are used to generate the transition probabilities. Five inspection records from the remaining Bridge #7 are used to validate the accuracy and reliability of the predicted condition ratings. The prediction process is also identical to that for Situations 1 and 2.
The predicted condition ratings of 20C-Bridge #7 are compared with the actual values as shown in Table 7 .
A similar validation procedure used for Situation 3 is adopted for Situation 4 except that the latter also incorporates the BPM-generated historical condition ratings. The transition probabilities are generated using five inspection records from three bridges together with nine BPM-generated historical condition ratings. Three inspection records from the remaining one bridge (bridge #5) are used to validate the accuracy and reliability of the predicted condition ratings. A comparison with the actual condition ratings is also given in Table 7 .
As indicated in Table 7 , the actual condition ratings for bridge element 20C-Bridge #7 are 70% A summary of the model validation is given herein. If the predicted and the actual condition ratings are in the same Condition State (CS), the prediction is considered accurate and the modelling, satisfactory. However, it should be noted that the element-level inspection OCR is defined using four condition states each having a 20% range. This means that the discrepancy between the predicted and the actual condition ratings may be as large as 19%. Nevertheless, this is an acceptable and common practice in the prevailing condition-state "grading" system.
Long-term prediction and discussion
Once the accuracy and reliability of the prediction is validated, long-term bridge predictions can subsequently be conducted using the generated transition probabilities. The outcome of Equation (3) indicates the percentage of element quantities, whereas that of Equation (5) The benchmark examples demonstrate that the integrated bridge deterioration method can be applied to deal with various situations with respect to the condition rating data availability and distribution in long-term prediction of bridge element performance. The proposed method has shown to be more effective than the stand-alone probabilistic models. This is because it employs a selection process to automatically determine an appropriate deterioration model for a given situation.
The advantages of the integrated method may be summarised as follows:
(1) The integrated method categorises the bridge elements by bridge location, construction era, element type and material type, by which similar elements are grouped together to identify common deterioration patterns at the network level of bridge elements. The main feature of categorisation is to group similar deterioration behaviour by sorting the available condition data for identical types of bridge elements.
(2) The element level analysis, i.e. the bottom-up approach, is used to calculate the OCRs of an element for the long-term prediction at project and network levels. Although time consuming, it is more effective than the top-down approach in that it reduces the failure risks. This is because a bridge usually collapses due to the lower condition rating of the elements being summarily ignored.
(3) The proposed integrated method applies a selection process to choose a suitable prediction approach from either the state-based or time-based model for a given situation of available condition data. If the time of bridge maintenance is known, the maintenance data can be used to M a n u s c r i p t
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maintenance is known, the maintenance data can be used to generate transition probabilities by the time-based model. This is however not the case for the state-based model; (2) the state-based model, on the other hand, can be used as a workable alternative in situations where there are less than two sequential changes in the available condition data, and where the time-based model is unable to calculate the transition probability; (3) in situations where the historical condition-rating records are insufficient for a reliable prediction of future bridge performance, the integrated method can incorporate the BPM into the model selection process and generate the necessary but unavailable historical data. 
